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distribution sectors
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1  Introduction

In the last two decades the electricity and gas distribution sectors have witnessed a 
wave of regulatory reforms aimed at improving the economic effi  ciency. In the design of 
these reforms the information on several effi  ciency concepts, including scale effi  ciency, 
scope effi  ciency, and cost effi  ciency has become very important. The fi rst two concepts 
are directly related to the economies of scale and scope, which are characteristics of 
the production technology, whereas the concept of cost effi  ciency is mainly a fi rm’s 
characteristic related to its economic performance facing market and technological 
conditions.

Scale effi  ciency addresses the question of whether, for instance, an electricity distri-
bution company is operating at the minimum of its long-run average cost curve. Any 
deviation from this level of production could result in ineffi  ciency in terms of scale of 
operation. Thus, scale effi  ciency arises when the company cannot lower average costs 
by changing its output levels. For multiproduct energy companies, that is, a company 
distributing electricity and gas, scope effi  ciency focuses on the relative cost of joint 
production to the cost of producing the same total output in multiple companies. 
Scope ineffi  ciency exists if the costs can be lowered by changing the output mixes 
across companies. The concepts of scale and scope effi  ciency rely on the assumption 
that the market structure, particularly outputs, can be adjusted to provide the com-
panies with the greatest possibility of exploiting synergies. Cost effi  ciency measures 
the ability of energy distribution companies to minimize costs, given specifi c demand 
and market conditions. Cost ineffi  ciency, also called ‘X-ineffi  ciency’, occurs when the 
company fails to produce with full effi  ciency at the cost frontier. The performance of 
a company in minimizing costs can be decomposed into two types of effi  ciency. The 
fi rst one is technical effi  ciency; the extent to which the energy distribution companies 
could reduce inputs for a given level of outputs (input orientation) or expand outputs 
for given levels of inputs (output orientation). The distance to an optimal produc-
tion frontier measures technical effi  ciency. The second component of cost effi  ciency 
is allocative effi  ciency; that is, the possible reduction in costs by using the diff erent 
inputs in optimal proportions or equivalently, by operating on the least-cost expan-
sion path.

Due to the economic importance of the regulatory reforms in the electricity and gas 
distribution sectors, it seems essential that the design of these reforms be based on a clear 
empirical understanding of the cost structure and effi  ciency level of the electricity and gas 
distribution companies. For instance, this understanding is relevant to several regula-
tory as well as business decision issues. First, it provides information about the validity 
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of the natural monopoly argument in the distribution of gas and electricity. Second, it 
contributes to an evaluation of the defi nition of the optimal size of service areas. Third, 
it gives information on the importance of the potential synergies through ‘horizontal’ 
integration, which allows local multi-utility companies to save on costs by exploiting the 
economies of scope. This information is very important in the assessment of a policy for 
unbundling multi-utilities.

Finally, performance indicators such as cost effi  ciency are used to monitor the com-
panies’ economic performance by comparing companies with the most-effi  cient prac-
tices. The regulators increasingly use such benchmarking practices in various incentive 
regulation schemes. For instance, one of the most widely used methods in electricity and 
gas networks is price-cap regulation (RPI-X). This method sets the maximum rate of 
increase for the regulated prices equal to the infl ation rate of the retail price index (RPI) 
minus a productivity growth off set referred to as ‘X-factors’.1 In relatively new regula-
tory regimes (mostly adopted by European regulators), X-factors are set equal to the 
annual target change in cost effi  ciency for each individual company. Therefore, the regu-
lator can set diff erentiated price caps based on the companies’ effi  ciency performance 
estimated from an empirical analysis. However, the increasing use of effi  ciency analysis 
in the electricity industry has raised serious concerns among regulators and companies 
regarding the reliability of effi  ciency estimates.2 In fact the empirical evidence suggests 
that the estimates are sensitive to the adopted effi  ciency measurement approach.3 This 
implies that the choice of the approach can have important eff ects on the fi nancial situ-
ation of the companies. There are, however, alternative strategies that can be used to 
improve effi  ciency measurement methodology regarding the sensitivity issues that we 
shall shortly discuss in this chapter.

The main goal of this chapter is to present and discuss the empirical measurement of 
the productive effi  ciency in the distribution of electricity and gas so as to draw recom-
mendations for regulatory practice as well as business strategic decisions at the company 
level. An adequate analysis of productive effi  ciency should consider all the effi  ciency 
aspects, including those related to the scale and scope of the distribution networks. From 
a policy standpoint it is important to distinguish between the three concepts of effi  ciency. 
While allowing the companies to exploit the potential economies of scale and scope to 
the greatest possible extent, the regulators should introduce incentive measures to ensure 
cost effi  ciency. However, the measures of fi rms’ cost effi  ciency should consider the diff er-
ent limitations that various companies face in exploiting the potential synergies, mainly 
due to their diff erent levels of output, as well as the unobserved heterogeneity in external 
factors across companies.

The rest of the chapter proceeds as follows. Section 2 reviews some elements of the 
production theory. Section 3 provides a general overview of the concepts of scale, scope 
and cost effi  ciency. Section 4 illustrates the diff erent econometric approaches that can be 
used to measure the level of effi  ciency of the companies. A selection of relevant empirical 
studies of scale, scope and cost effi  ciency in the electricity and gas distribution sectors 
are reviewed separately in Sections 5, 6 and 7. Section 0 provides a brief discussion of 
benchmarking practice in the regulation of electricity distribution networks along with a 
simple case study from Switzerland’s utilities. Section 0 concludes the chapter with a fi nal 
discussion and policy recommendations.

EVANS PRINT (ALL).indb   599EVANS PRINT (ALL).indb   599 25/6/09   13:12:2625/6/09   13:12:26



600  International handbook on the economics of energy

2  Review of Traditional Production Theory

The microeconomic theory of production is extensively documented in the literature (for 
example, Shephard, 1953; Chambers, 1988; Jehle and Reny, 1998; Varian, 1992) and 
will not be repeated here. Instead, this section focuses on some elements of the micro-
economic theory of production that are relevant for understanding the measurement of 
productive and scale effi  ciency in the electricity and gas distribution industry.

Generally, the empirical studies model the production of fi rms in an industry which 
use g inputs x 5 (x1, x2, . . ., xg) to produce m outputs y 5 (y1, y2, . . ., ym). A reasonable 
way to represent the fi rm’s technology of turning inputs into output in the long run is to 
specify a transformation function, T (x1, . . ., xg, y1, . . ., ym) 5 0, in the multiple-output 
case or as a production function, y 5 f (x1, x2, . . ., xg) in the single-output case. These 
functions represent the border of a set that includes all the production possibilities.

If the fi rm faces competitive input markets and chooses input bundles to minimize 
costs in the long run, then the cost-minimizing process can be represented as:

 minx C 5 a
g

j51
wj xj, s.t.     f( x )   $    y, (25.1)

where C represents long-run total cost, wj is the price of input xj, and f is the production 
function relating the vector of inputs x to the output vector y. The solution to (25.1) is of 
the form C(y, w), where y 5 (y1, y2, . . ., ym) and w 5 (w1, w2, . . ., wg).

Provided that the transformation function T (x1, . . ., xg, y1, . . ., ym) 5 0 borders a 
strictly convex set, McFadden (1978) has shown that the cost function, C(y, w) has the 
following properties (regularity conditions):

1. C(y, w) . 0 for w . 0 and y . 0 (non-negativity);
2. if w9 . w, then C(y, w9) $  C(y, w) (non-decreasing in w);
3. C(y, w) is concave and continuous in w;
4. C(y, w) is homogeneous of degree one in input prices: C(y, tw) 5 t C(y, w) for t . 0;
5. if y . y9, then C(y, w) $  C(y9, w) (non-decreasing in y); and
6. C(0, w) 5 0 (no fi xed costs).

Furthermore, according to Shephard’s lemma, the cost-minimizing input demand 
functions are derivable from the cost functions. If the cost function is diff erentiable in 
input prices at the point (y*, w*) then the following property holds:

7. Shephard’s lemma: x (y, w) 5 �w C( y*,  w* ) , where x denotes the cost-minimizing 
vector of inputs required to produce the vector y* of outputs given input prices w*.

The long-run total cost methodology shares the stringent behavioral assumption that 
all inputs are employed at their long-run cost-minimizing level. Some empirical studies 
present an alternative model where, in the short run, some inputs available to the fi rms 
are assumed to be fi xed, implying that fi rms attempt to minimize cost conditional on 
given quasi-fi xed inputs.

There is a dual relationship between the cost function and the transformation function 
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presented above. This implies that if we defi ne a production function and derive its cost 
function, we can take that cost function to generate a production function. Further, any 
cost function satisfying properties 1–7 implies some technology for which it represents 
the minimum costs. Therefore, according to Shephard’s (1953) duality theorem, all struc-
tural characteristics of production possibilities are contained in the functional specifi ca-
tion of the cost function satisfying properties 1–7.

In econometric applications, working with a cost function has many advantages over its 
dual transformation or production function. For instance, cost functions in comparison 
to transformation and production functions focus more on economic relationships than 
on technological relationships, thus facilitating the discussion of economic relationships. 
Moreover, in production functions typically high correlation between the input variables 
can result in a multicollinearity problem, which might preclude the estimation of the model 
or lead to an imprecise interpretation of the estimated coeffi  cients. This problem is less 
pronounced when a cost function approach is employed. However, two assumptions are 
required for the cost function to be a valid dual representation of production technology. 
First, fi rms should face exogenous input prices and outputs. Second, fi rms are assumed 
to adjust input levels to minimize costs. Of course, in certain cases this assumption may 
be considered too restrictive. It can happen that the fi rms’ optimization strategies do not 
fully correspond to a perfectly minimal cost function. In such cases, the functions based 
on cost optimization may still be used as ‘behavioral’ cost functions and can be helpful in 
studying the behavior and cost structure of such fi rms (Bös, 1986, p. 343).

3  Scale, Scope and Cost Effi  ciency

A large part of the cost estimation literature focuses on the estimation of the returns to 
scale. Chambers (1988) defi nes the returns to scale as the proportional change in output 
as an input bundle is changed by a scalar. If a proportional increase in all inputs results in 
a higher output increase, then the production function is said to demonstrate increasing 
returns to scale. If a proportional increase in all inputs results in a lower output increase, 
then the production function is said to show decreasing returns to scale. If a propor-
tional increase in all inputs results in an output increase in the same proportion, then 
the production function is said to have constant returns to scale. Whether a production 
technology exhibits constant, decreasing, or increasing returns to scale has implications 
for determining the most effi  cient structure of the industry. In particular, if an industry 
were characterized by a single-output production technology with increasing returns 
to scale for a given output range, the effi  cient industry structure would entail a natural 
monopoly within that range.

Returns to scale are usually defi ned in terms of the relative increase in output resulting 
from a proportional increase in all inputs. In general, returns to scale need to be defi ned 
along a specifi c input-mix ray that is chosen arbitrarily. Considering this problem, 
Hanoch (1975) noted that it is more relevant to measure returns to scale by the relation-
ship between total cost and output along the expansion path.

To translate the defi nition of returns to scale in terms of the cost function, Chambers 
(1988) proposed the concept of ‘cost fl exibility’ that can be measured with the ratio of 
marginal cost to average cost, or with the cost elasticity of size. The degree of cost fl ex-
ibility ecy can then be measured using the following expression:
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 ecy 5 a
m

k51

0lnC
0lnyk

5 a
m

k51
a 0C

0yk
/
C
yk
b, (25.2)

with m diff erent outputs yk.
The reciprocal of the cost elasticity of size is then defi ned as the economies of size or 

economies of scale (ES):

 ES 5 1^aam
k51

0lnC
0lnyk

b  . (25.3)

There are economies of scale if ES is greater than 1, and conversely, there are disecon-
omies of scale if ES is below 1. In the case of RS 5 1 we do not have economies or disec-
onomies of scale. Chambers shows that the defi nition of economies of scale is equivalent 
to the defi nition derived from production technology if and only if the production tech-
nology is homothetic. Generally, the empirical studies on the estimation of cost functions 
for electricity and gas distribution companies do not impose such an assumption and, 
therefore, use the concept of economies of scale.4 From this discussion it follows that the 
presence of economies of scale shows that the companies have scale ineffi  ciency.

In neoclassical production and cost theory, all output units are homogeneous. Hence, 
production of any one unit of output is indistinguishable from the next, and can be 
interchanged without any impact on costs. In energy distribution, however, an industry 
is characterized not only by the total output produced but also by the structure of the 
network served. The motivation for this complex characterization arises from the fact 
that costs in network industries are infl uenced not only by the total output produced but 
also by the network structure and area size. Therefore, for network industries such as gas 
and electricity distribution, the classical defi nition of economies of scale can be modifi ed, 
in order to take into account, for instance, that diff erent service areas and/or network 
structures have diff erent impacts on the costs.

For these reasons, applied economists have suggested including several output charac-
teristics in the cost model specifi cation for network industries. These characteristics should 
capture the heterogeneity of the outputs, along with aggregated outputs. For example, in 
the following cost function, some output characteristics variables are included,

 C 5 f ( y, w, qh1k) , (25.4)

where C is total cost, y is a vector of outputs, w is a vector of input prices, and qh+k is 
a vector of variables refl ecting output characteristics. The load factor, the number of 
customers and the size of the electric utility service area are examples of output charac-
teristic variables for the electric industry.

The inclusion in a cost function of the number of customers and/or the size of the 
service area allows for the distinction of economies of output density, economies of cus-
tomer density and economies of scale.

Following Roberts (1986), for the single output electricity and gas distribution com-
panies it is possible to defi ne economies of output density (EOD) as the proportional 
increase in total costs brought about by a proportional increase in output (y), holding 
all input prices, and the output characteristic variables such as the number of customers 
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(CU) and the size of the service territory (AS) fi xed. This is equivalent to the inverse of 
the elasticity of total cost with respect to output:

 EOD 5 1^a0lnC
0lny

b. (25.5)

The economies of output density exist if EOD is greater than 1, and the presence of 
diseconomies of output density is indicated if EOD is below 1. In the case of EOD 5 1, 
no economies or diseconomies of output density exist. Economies of output density exist 
if the average costs of an electricity distribution utility decrease as the volume of electric-
ity sold to a fi xed number of customers in a service territory of a given size increases. This 
measure is relevant to decide whether side-by-side competition or local monopoly is the 
most effi  cient form in the electricity distribution industry.

Economies of customer density (ECD) are defi ned as the proportional increase in total 
costs brought about by a proportional increase in output and the number of customers, 
holding all input prices, and the other output characteristics fi xed. ECD can thus be 
defi ned as:

 ECD 5 1^a0lnC
0lny

1  

0lnC
0lnCU

b. (25.6)

Similarly, the economies of customer density are not fully exploited if ECD is greater 
than 1, and conversely, diseconomies of scale are present if ECD is below 1. In the case 
of ECD 5 1, no economies or diseconomies of customer density exist. This measure is 
relevant for analyzing the cost of distributing more electricity to a fi xed service area as it 
becomes more densely populated.

Finally, the economies of scale (ES) are defi ned as the proportional increase in total 
costs brought about by a proportional increase in output, the number of customers and 
the size of the service area, holding all input prices fi xed. ES can thus be defi ned as:

 ES 5 1^a0lnC
0lny

1
0lnC

0lnCU
1

0lnC
0lnAS

b.  (25.7)

The presence of the economies of scale corresponds to ES values greater than 1, while 
values smaller than 1 indicate diseconomies of scale. In the case of ES 5 1, no economies 
or diseconomies of scale exist. This measure is relevant for analyzing the impact on cost 
of merging two adjacent electricity or gas distribution companies.

In the energy sector, there is a certain tendency that local utility companies operate 
in both electricity and gas distribution. Generally, this horizontal integration strategy 
allows the local multi-utility companies to save on costs by exploiting the economies 
of scope and to provide customers with an integrated set of services. Baumol et al. 
(1982) highlight that the economies of scope can result from sharing or joint utilization 
of inputs such as labor and capital. Economies of scope are present when costs can be 
reduced by joint production of multiple outputs. Following Baumol et al., the degree of 
global economies of scope (ESCO) across two outputs is defi ned as the ratio of excess 
costs of separate production relative to the costs of joint production of all outputs:
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 ESCO 5
C( y1, 0) 1 C(0, y2) 2 C( y1, y2)  

C( y1, y2)
. (25.8)

A positive (negative) value for the above expression implies the existence of global 
economies (diseconomies) of scope.

A common measure of the technical ineffi  ciency (TIN ) of the fi rm which produces 
output, y, with inputs, x, is given by:

 TIN 5  

y
y*

, (25.9)

where y* is the frontier output associated with the level of input x. This measure does 
not include allocative ineffi  ciency, namely, the potential savings by reallocating input 
factors. Cost ineffi  ciency is an input-oriented measure overall ineffi  ciency, which is 
defi ned as the distance from the cost frontier.5 A measure of the cost ineffi  ciency (CIN ) 
of the fi rm which produces output, y, with cost, C, is given by:

 CIN 5  

C
C *

, (25.10)

where C* is the frontier cost associated with the level of output y. Each of the above-
mentioned measures has their respective advantages and drawbacks. A major advantage 
of TIN is that it does not require any data on costs and prices. These data are usually 
diffi  cult to obtain but are required for estimating CIN. However, TIN does not provide 
any information on the cost minimization process, which is more interesting from an 
economic standpoint. The cost-ineffi  ciency measure includes both allocative and techni-
cal ineffi  ciencies but does not provide an easy way to separate these two components.6 
Another important feature of the cost effi  ciency approach is that it treats the output as 
given. This is a realistic assumption in most regulated industries where the level of output 
is set by the regulator or determined by the demand factors.

4  Econometric Approaches to Effi  ciency Measurement

Measurement of effi  ciency in the electricity and gas distribution sectors is done by both 
cost and production functions in the empirical literature. The discussion that follows, 
while focusing mainly on cost-based methods, applies equally well to methods based on 
production function. There are two streams of this empirical literature. First, there are 
studies that estimate a cost function using, for instance, ordinary least squares (OLS) (or 
more elaborate econometric methods) without a stochastic component for ineffi  ciency 
where all the companies are assumed to operate on the cost frontier (so no cost inef-
fi ciency is observed). From the estimation of this cost function it is possible to calculate 
the level of scale and scope ineffi  ciency of the companies. Another group of empirical 
studies adopt the frontier approach assuming that the full cost effi  ciency is limited to 
those companies that are identifi ed as the best-practice producers. All other companies 
are assumed to operate above the cost frontier, hence just non-zero ineffi  ciency. In this 
case the econometric estimation of the best-practice cost frontier allows the calculation 
of the companies’ level of cost ineffi  ciency in addition to their scale and scope effi  ciency. 
Here we refer to the former approaches as ‘non-frontier’ methods, in which the estimated 
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cost function is based on average performance, as opposed to ‘frontier’ analysis based on 
the best observed practice(s).

The estimation of the cost function in line with the non-frontier approach can be based 
on the OLS estimation of a parametric cost function, usually expressed in logarithms:

 ln Ci 5 f( yi, wi) 1 ei, (25.11)

where C is total cost incurred by company i, f(·) is the cost function, y is a vector of 
outputs, w is a vector of input prices, and ei is the stochastic error term. The effi  ciency 
of parameter estimates can be improved by combining the cost function with the factor 
share equations implied by Shephard’s lemma. According to cost-minimization theory, 
certain parameters in the cost function are identical to certain parameters in the share 
equations. Therefore, additional degrees of freedom are gained without the need to esti-
mate any additional parameters. The input share equations take the following form:

 Sji 5 g( yi, wi) 1 eiji, (25.12)

where Sji is share cost incurred by company i for input j, g(·) is the input share function, 
y is a vector of outputs, w is a vector of input prices, and eji is the stochastic error term. 
The cost system is usually estimated using the iterative Zellner technique (Zellner, 1962) 
for seemingly unrelated regressions (SUR). This allows for the possibility of correlation 
between the disturbance terms of the cost and share equations for each observation, 
while assuming independence across observations within a given equation. As the share 
equations sum to one, an equation must be omitted from the system to implement SUR. 
However, using the iterative Zellner technique, the resulting estimates are equivalent to 
maximum likelihood estimates (MLEs) (Kmenta and Gilbert, 1968), and they are invari-
ant to which share equation is deleted (Barten, 1969).

The frontier analysis approach is well developed with a wide variety of parametric 
methods. More generally, the estimation of production or cost frontier can also be per-
formed using non-parametric approaches. These approaches, such as data envelopment 
analysis (DEA) and free disposal hull, use linear programming to determine a company’s 
effi  ciency frontier. In these approaches, the cost frontier is considered as a deterministic 
function of the observed variables. These methods are non-parametric in that they do 
not impose any specifi c functional form or distribution assumption. Thanks to their 
relative simplicity and availability, such methods, particularly DEA, are quite popular 
among both researchers and regulators in energy distribution networks – the advantages 
and drawbacks have been extensively discussed elsewhere.7 In this chapter, the focus is 
upon the econometric approaches with a parametric specifi cation. In Section 8 a brief 
illustration of the DEA method is given through a simple example.

Figure 25.1 presents a general classifi cation of effi  ciency measurement approaches 
base on econometric methods. Apart from a few exceptions, all parametric methods have 
a stochastic element in their frontier function. Thus, this group of methods is also called 
‘stochastic frontier analysis’ (SFA). The main exception with a deterministic frontier is 
the COLS method. In this approach the ineffi  ciencies are defi ned through a constant shift 
of the OLS residuals (see Greene, 1980). As the entire stochastic term is considered as 
ineffi  ciency, the frontier remains deterministic.
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The COLS approach is based on the OLS estimation of a parametric cost function, 
usually expressed in logarithms:

 ln Ci 5 f( yi, wi) 1 ei, (25.13)

where the parameters are defi ned above. After correcting the stochastic error term ei, by 
shifting the intercept such that all residuals are positive, the COLS model can be written 
as:

 ln Ci 5 f( yi, wi) 1 min(ei) 1 ui, with ui 5 ei 2 min(ei)  $  0, (25.14)

where ui is a non-negative term representing the fi rm’s ineffi  ciency. The cost effi  ciency of 
fi rm i is thus given by: Effi 5 exp(ui) .

The main shortcoming of this method is that it confounds ineffi  ciency with statistical 
noise: the entire residual is classifi ed as ineffi  ciency. In the stochastic frontier model the 
error term is divided into two uncorrelated parts: ui is a one-sided non-negative distur-
bance refl ecting the eff ect of ineffi  ciency, and vi is a symmetric disturbance capturing the 
random noise. Usually the statistical noise is assumed to be normally distributed, while 
the ineffi  ciency term ui is assumed to follow a half-normal distribution.8 A basic SFA 
model can be written as:

 ln Ci 5 f( yi, wi) 1 ui 1 vi. (25.15)

This model with a normal-half-normal composite error term can be estimated using the 
MLE method. Similarly the cost effi  ciency of fi rm i is given by: Effi 5 exp(ui) .

SFA models allow for a random unobserved heterogeneity among diff erent fi rms (as 
represented by vi) but need to specify a functional form for the cost or production func-
tion. The main advantage of such methods over deterministic approaches is the separa-
tion of the ineffi  ciency eff ect from the statistical noise due to data errors and omitted 
variables.

Frontier analysis

Deterministic
(COLS)

Stochastic
(SFA)

Extensions for panel data

Fixed-effects
model

True random
effects

MLEGLS

Figure 25.1  Effi  ciency measurement using econometric methods
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Within the econometric approaches, as represented in Figure 25.1, there exist several 
models that can be used, and the choice of model is not usually straightforward. Several 
studies have reported discrepancies in effi  ciency estimates between diff erent approaches 
and model specifi cations. For instance, using a cross-section of 63 power distribution 
utilities in Europe, Jamasb and Pollitt (2003) show that there are substantial variations 
in estimated effi  ciency scores and rank orders across diff erent approaches (parametric 
and non-parametric) and among diff erent econometric models. Similarly, using data 
from South America, Estache et al. (2004) provide evidence of ‘weak consistency’ 
between parametric and non-parametric methods.9 These results are supported by two 
other studies (Farsi and Filippini, 2004, 2005), which show that the effi  ciency ranking 
of the companies can diff er signifi cantly across econometric models and across diff er-
ent approaches. Such discrepancies are partly due to methodological sensitivity in the 
estimation of individual effi  ciency scores and are not limited to a specifi c network indus-
try.10 The regulated companies operate in diff erent regions with various environmental 
and network characteristics that are only partially observed. Given that the unobserved 
factors are considered diff erently in each method,11 the resulting estimates can vary 
across methods. The magnitude of variation depends on the importance of the unob-
served factors, which might change from one case to another.

In most cases, there is no clear criterion for the choice of the model and approach. 
Thus, it is assumed that the results are valid if they are independently obtained from 
several models. For instance, Bauer et al. (1998) have proposed a series of criteria that 
can be used to evaluate if the effi  ciency estimates from diff erent methods are mutually 
‘consistent’, that is, lead to comparable scores and ranks. However, the empirical results 
suggest that these criteria are not satisfi ed in many cases in network industries. The 
signifi cant uncertainties in effi  ciency estimates could have important undesired conse-
quences, especially because in many cases the estimated effi  ciency scores are directly 
used to reward/punish individual companies through regulation schemes such as price-
cap formulas. Given these problems, it is not surprising that the benchmarking models 
used in electricity and gas networks have frequently been criticized (see, for instance, 
Irastorza, 2003; Shuttleworth, 2003). The stochastic frontier literature has provided a 
variety of panel data models that can be used to overcome some of these shortcom-
ings and provide more attractive instruments to use in regulation.12 In particular, these 
models can better control for the fi rm- or network-specifi c unobserved heterogeneity, 
which is a source of discrepancy across diff erent benchmarking methods. The use of 
panel data models is especially interesting as data for several years have become available 
to an increasing number of regulators in many countries.13

The frontier model in (25.13) can be rewritten for panel data using subscripts i and t, 
respectively, representing the fi rm and the operation year:

 ln Cit 5 f( yit, wit) 1 uit 1 vit. (25.16)

Typically, it is assumed that the heterogeneity term vit is normally distributed and 
that the ineffi  ciency term uit has a half-normal distribution that is, a normal distribution 
truncated at zero:

 uit ~ 0N(0, s2
u) 0 , vit ~ N(0, s2

v) . (25.17)
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This model is based on the original cost frontier model proposed by Aigner et al. (1977). 
The fi rm’s ineffi  ciency is estimated using the conditional mean of the ineffi  ciency term as 
proposed by Jondrow et al. (1982) that is: E [uit 0 êit ], where eit 5 uit 1 vit.

The fi rst use of panel data models in stochastic frontier models was by Pitt and 
Lee (1981), who assumed that the ineffi  ciency term uit is constant over time, that is: 
ui ~ 0N(0, s2

u) 0 . Pitt and Lee’s model is diff erent from the conventional random-eff ect 
model in that the individual-specifi c eff ects are assumed to follow a half-normal distribu-
tion. Important variations of this model were presented by Schmidt and Sickles (1984) 
who relaxed the distribution assumption and used the generalized least squares (GLS) 
estimator, and by Battese and Coelli (1988) who assumed a truncated normal distribu-
tion. In cases where the individual fi rm eff ects (ui) are correlated with the explanatory 
variables, the estimated parameters may be biased. Schmidt and Sickles proposed a 
fi xed-eff ects approach to avoid such biases.

The main restriction of these models is that the unobserved factors are random over 
time and across fi rms, which implies that the unobserved network and environmen-
tal characteristics that are usually time invariant are not considered as heterogeneity. 
Moreover, with a few recent exceptions such as Sickles (2005), the variation of effi  ciency 
over time is deterministic and/or follows the same functional form for all fi rms. Given 
that sources of ineffi  ciency depend on technology shocks and other variations in the 
input markets as well as the managers’ abilities to cope with them, it can be argued that 
ineffi  ciencies are random over time.14

The ‘true’ panel models extend the original stochastic frontier model to panel data by 
adding an individual time-invariant eff ect. These models (Kumbhakar, 1991; Polachek 
and Yoon, 1996; and more recently Greene, 2005a) include two stochastic terms for 
unobserved heterogeneity, one for the time-variant factors and one for the fi rm-specifi c 
constant characteristics. Assuming that network and environmental characteristics and 
their eff ects on production do not vary considerably over time and that the ineffi  ciency 
is time variant, these models help separate these unobserved eff ects from effi  ciency 
estimates.

Some of these models have been successfully used in electricity distribution networks 
(Farsi et al., 2006a), as well as other public service sectors (see Farsi et al., 2005, 2006b). 
The models can be written by adding a fi rm-specifi c stochastic term (ai) in the right-hand 
side of equation (25.14):

 ln Cit 5 f( yit, wit) 1 ai 1 uit 1 vit. (25.18)

The term ai is an iid random component in a random-eff ects (RE) framework, or a 
constant parameter in a fi xed-eff ects (FE) approach. The ineffi  ciency term is assumed to 
be an iid random variable with half-normal distribution. This implies that the ineffi  ciency 
is not persistent and each period brings about new idiosyncratic elements, thus new 
sources of ineffi  ciency. This is a reasonable assumption particularly in industries that 
are constantly facing new technologies. Such models have an important advantage in 
that they allow for time-variant ineffi  ciency while controlling for fi rm-level unobserved 
heterogeneity through fi xed or random eff ects. The main diffi  culty of these models is that 
they are numerically cumbersome.

Another problem arises when the fi rm-specifi c eff ects are correlated with the explanatory 
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variables. In such cases, the RE estimators are aff ected by heterogeneity bias,15 but the 
FE model while being consistent regarding the cost-frontier slopes, usually overestimates 
effi  ciency variations. Moreover, there is an important practical problem with the FE 
model in that it requires the estimation of a large number of parameters, which limits its 
application to reasonably long panels with suffi  cient within-fi rm variation. Generally, in 
short panels the fi xed eff ects are subject to considerable estimation biases, which directly 
refl ect in the ineffi  ciency scores.16

When panel data are available, regulators also have the possibility of using panel data 
parametric methods for the prediction of intervals for companies’ costs. The predicted 
intervals can be used in the application of yardstick competition (Schleifer, 1985) among 
companies or to assess if the costs reported by the companies and used, for instance 
in rate-of-return regulation, are reasonable. In these cases, the regulated companies 
are required to contain the costs within the interval imposed by the regulator, or have 
to justify any costs beyond the predicted range. A similar approach has been used in 
Italian water supply regulation (see Antonioli and Filippini, 2001, for more details). 
In principle this approach is also possible with cross-sectional data; in panel data, the 
repeated observations of the same companies are used to identify part of their unob-
served time-invariant characteristics and adjust the predictions accordingly. Farsi and 
Filippini (2004) show in an example that panel data frontier models allow a reasonably 
low prediction error.

To date the use of panel data parametric methods has been limited to academic 
research. However, despite the sensitivity problems, these methods can provide the regu-
lators with useful information. As the availability of panel data increases, so too should 
the application of these methods in regulatory practice.

The choice of functional form f(·) is another important aspect of the parametric esti-
mation of cost frontiers. A variety of functional forms have been employed to estimate 
cost functions in the literature.17 The main distinction is between traditional and fl exible 
functional forms. Traditional functional forms are fi rst-order approximations to an arbi-
trary continuous and twice diff erentiable function, whereas the fl exible functional forms 
provide a second-order approximation.18 The most important diff erence between tradi-
tional and fl exible functional forms is that the former impose restrictions on the values of 
the fi rst and second partial derivatives whereas the latter do not. Traditional functional 
forms such as the Cobb–Douglas and the constant clasticity of substitution impose a 
priori restrictions on technology. For example, the Cobb–Douglas form imposes the 
restriction of a unitary elasticity of substitution and a value of economies of scale that 
does not vary with output. Whereas fl exible functional forms such as the translog or 
quadratic forms allow for values of economies of scale, and input price and substitution 
elasticities to vary with output. Further, fl exible functional forms allow the possibility 
of testing for several technological characteristics, such as homothetical production 
technology. Moreover, the quadratic functional form has been considered as one of the 
most relevant options for estimating scope economies because unlike logarithmic forms, 
it accommodates zero values for outputs thus, allowing a straightforward identifi cation 
of scope economies.

The fi rst empirical studies focused on the simple relationships between output and 
costs (see, for example, Nordin, 1947; Johnston, 1952; Huettner and Landon, 1974). 
These studies employed uncomplicated cost models assumed to be linear or polynomial 
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in output. Later, cost function models were based on the application of duality theory 
to neoclassical production theory utilizing more elaborate functional forms. Nerlove’s 
(1963) pioneering study on the cost structure of US electric utilities employed the tradi-
tional Cobb–Douglas specifi cation. Christensen et al. (1971)’s paper on translog func-
tional form made a signifi cant impact on the empirical literature in applied production 
analysis. Most of the analyses of cost structures of electric and gas distribution utilities 
published in the last two decades use either the Cobb–Douglas or the translog functional 
form. Starting, for example, from the following long-run cost function:

 C 5 C( y1, w1, w2) , (25.19)

where C is total cost, w1, w2 are the input prices and y1, is the output, the following 
Cobb–Douglas, translog and quadratic cost functions can be written as:

 lnC 5  a0 1 aw1 lnw1 1  aw2 lnw2 1 ay1 lny1    (COBB2DOUGLAS)

 lnC 5 a0 1 aw1 lnw1 1 aw2 lnw2 1 ay1 lny1 1
1
2
aw1w1 (lnw1)

2 1
1
2
aw2w2 (lnw2)

2

 1
1
2
ay1y1 (lny1)

2 1 aw1w2 (lnw1)  (lnw2) 1 aw1y1 (lnw1)  (lny1) 1 aw2y1 (lny1)  (lnw2)

 (TRANSLOG)

 C 5 a0 1 aw1 w1 1 aw2 w2 1 ay1 y1 1
1
2
aw1w1 (w1)

2 1
1
2
aw2w2 (w2)

2 1
1
2
ay1y1 (y1)

2

 1 aw1w2 (w1)  (w2) 1 aw1y1 (w1)  (y1) 1 aw2y1 (y1)  (w2)    (QUADRATIC)

5  Empirical Studies on the Scale and Cost Effi  ciency in the Distribution of Gas

Farsi et al. (2007c) review the limited literature on econometric estimation of cost or pro-
duction functions in gas distribution companies. A few studies that use a cost function 
approach to analyze the economies of scale and density and/or the level of cost effi  ciency 
in a sample of gas distribution companies are presented here.

Kim and Lee (1996) highlight the importance of accounting for output characteristics 
in estimating a translog cost function for gas distributors. The following cost model 
specifi cation was adopted:

 TC 5 f( y, q1, q2, q3, P) ,

where TC indicates the total cost of gas distribution, y is the volume of gas served, q1, q2, 
and q3 are, respectively, the customer density, the average ‘customer size’ measured as 
average consumption and the ‘supply rate’ measured as the number of total customers rela-
tive to the number of total potential customers. P is a vector of input prices (labor price and 
the unit price of pipeline). In the estimation of the cost function, a translog functional form 
was employed to estimate the cost function of seven companies between 1987 and 1992. 
Almost all the fi rms were found to be exhausting their scale economies, and the average 
cost trend can be expressed as a function of output quantity and spatial characteristics.
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Fabbri et al. (2000) estimated a total distribution translog cost function for 31 Italian 
companies observed during two years. Using the long-term cost function:

 TC 5 f(V, C, H, P, T, O) ,

where TC indicates the total cost of gas distribution, V is the volume of delivered gas, C 
is the number of customers, H is a vector of territorial variables, P is a vector of input 
prices, T is a time-shift variable and O is a shift variable for private fi rms. The yearly 
average cost per employee is used as labor price, the book value of equipment divided by 
the length of the distribution network is used as capital price and the price of material 
and services is calculated as the residual expenses divided by network length. Output is 
measured as the volume of delivered gas and the number of customers. The specifi cation 
also includes the ratio of network length to the number of customers, share of urban 
population, the average altitude of the service area, and dummy variables for owner-
ship diff erences and time eff ects. The results suggest more cost-effi  cient production in 
private fi rms; however, the economies of scale are not signifi cant at the output levels yet 
economies of density appear to be considerable. These results are in line with most of the 
fi ndings reported in other studies.

Farsi et al. (2007c) study the cost structure of gas distribution utilities in Switzerland. 
Three stochastic frontier models are applied to a panel of 26 companies operating from 
1996 to 2000. Effi  ciency is assumed to be constant over time. The output is measured as 
total volume of natural gas delivered. Input factors consist mainly of the gas purchased 
from a transmission company, labor and capital. The cost function is specifi ed as:

 TC 5 f(Y, PC, PL, PE, LF, TB, CUD, ASIZE) ,

where TC represents total costs; Y is the energy value of the delivered gas measured in 
MWh; and PC, PL and PE are, respectively, the prices of capital, labor and purchase price 
of natural gas. In addition to these variables, the load factor LF, the number of terminal 
blocks TB, the customer density CUD and the area size ASIZE have been introduced in 
the model as output characteristics variables. Given the small size of the sample and the 
large number of parameters19 in the translog model, a Cobb–Douglas form is used.

The analysis highlights the importance of output characteristics such as customer 
density and network size. The application of three cost frontier models suggests an 
average ineffi  ciency of about 7 percent in the sector. This result is robust across all the 
models. The individual effi  ciency scores and ranks estimated from diff erent models show 
a strong correlation. However, the companies identifi ed as ‘best’ and ‘worst’ practices 
change across models. Therefore, the individual effi  ciency estimates cannot be directly 
used as X-factors in the price-cap formulas. As for the scale and density economies, the 
results are more or less consistent with the fi ndings of studies performed in other coun-
tries, in that they provide evidence of considerable density economies but insignifi cant or 
weak scale economies. This implies that distributors could decrease their average costs 
by increasing the output as long as they use the same network, but the extension of net-
works does not result in any signifi cant economies.

The empirical evidence reported suggests that franchised monopolies, rather than 
side-by-side competition, is the most effi  cient form of production organization in the gas 
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distribution industry. Further, consolidation of small utilities whose service territories 
are adjacent is likely to reduce costs. However, for large and medium-sized companies 
consolidation would not bring about large savings.

6  Empirical studies on the scale and cost effi  ciency in the distribution of electricity

The literature on econometric estimation of cost functions in electricity distribution 
 companies is relatively large. In this section we present a selection of studies that have 
used a cost function approach. The emphasis has been placed on the studies that analyze 
the economies of scale and density and/or the level of cost effi  ciency.20

Roberts (1986) was the fi rst attempt to estimate a cost function for electricity 
production and distribution using the duality theory and a fl exible functional form. 
Previous cost studies on electricity production and distribution had focused on simpler 
relationships between cost, output and service area characteristics. The specifi ed cost 
model assumes that fi rms follow a two-stage production optimization process. In the 
fi rst stage they make decisions regarding electricity generation, while in the second 
they make decisions concerning electricity distribution. Thus, in the second stage, 
fi rms are viewed as buyers of electricity either from their own plants or from other 
suppliers.

A cross-section of 65 privately owned vertically integrated electric utilities in 1978 
is considered by Roberts. The electricity generation activity of these utilities was very 
high. Approximately 80 percent of kWh input was self-generated, while the remaining 20 
percent was purchased from other electric generation utilities. The cost structure of this 
vertically integrated industry is specifi ed in the following total cost function:

 TC 5 g(YL, YH, AS, CU, PL, PE, PC) ,

where TC is the total cost, PL, PC and PE are input prices of labor, capital and purchased 
electricity. YL, YH are, respectively, the low- and high-voltage deliveries. To control for 
other determinants of production and delivery costs, the services area, AS, and the total 
number of customers, CU, were also included. Therefore, Roberts tried to capture the 
heterogeneous nature of kWh deliveries by including two outputs as well as two variables 
characterizing these outputs, as explanatory variables in the cost function. In this way, 
the economies of density, customer density, and size may be distinguished from each 
other. The empirical results showed the existence of substantial economies of density and 
slight economies of customers and size in the production and distribution of electricity; 
indicating no strong evidence that larger service areas result in any economies of power 
delivery.

Salvanes and Tjøota’s (1994) made the fi rst attempt to estimate a cost function only 
for distribution companies using a cross-section of 100 Norwegian public electricity dis-
tribution utilities in 1988. These companies behave as local natural monopolies, whose 
activities include transportation of electricity to end users, installation and maintenance 
of equipment and administration. The following short-run cost function is used to 
analyze the cost structure:

 VC 5 g(Y, N, PL, PE, F ) ,

EVANS PRINT (ALL).indb   612EVANS PRINT (ALL).indb   612 25/6/09   13:12:2925/6/09   13:12:29



Effi  ciency measurement in the electricity and gas distribution sectors   613

where VC is the variable cost specifi ed as a translog functional form, and PL and PE are 
input prices of labor and purchased electricity. The wage rate is defi ned as the annual 
labor expenses divided by the total labor force. The aggregate measure of output is given 
by Y. To control for other determinants of delivery cost, the total number of customers, 
N, and the length of the distribution lines F were also included.

Like Roberts (1986), Salvanes and Tjøota distinguish between economies of density 
and economies of scale and identify considerable economies of density but only moder-
ate economies of scale. The coeffi  cient of the capital stock variable is positive, implying 
variable costs are increasing in fi xed input (capital), violating the non-increasing regular-
ity condition at the median of the data.

Filippini (1998) is the fi rst paper with a total cost function only for distribution com-
panies. The fi rm’s total cost of distributing electricity has been represented by a translog 
cost function:

 TC 5 C( y, Pc, Pp, Pl, LF, CU, ST, T ) ,

where TC represents total cost and y is the output represented by the total number of 
kWh delivered, and Pc, Pp and Pl are the prices of capital, kWh input and labor, respec-
tively. LF is the load factor, ST the size of the service territory of the distribution utility 
measured in squares kilometers and CU the number of customers. These variables are 
introduced in the model as output characteristics. The load factor has been included in 
order to capture the impact on cost of the intensity of use of the plant. T is a time variable 
which captures the shift in technology representing change in technical effi  ciency. The 
cost model has been estimated for cross-sectional samples of publicly owned electricity 
distribution utilities operating in Swiss cities. The dataset is composed of a sample of 
39 city electricity distribution utilities observed for four years, from 1988 to 1991. The 
results indicate the existence of economies of output and customer density as well as 
economies of scale for most output levels.

The cost effi  ciency of a sample of Swiss electricity distribution utilities is estimated by 
Farsi et al. (2006a) using three alternative frontier models to estimate the fi rm’s total cost 
function:

 C 5 C(Y, PK, PL, PP, LF, CU, AS, HGRID, DOT, DW, T ) ,

where C represents total cost; Y is the output in kWh; PK, PL and PP are, respectively, the 
prices of capital, labor and input power; and T is a time variable representing the linear 
trend in technological progress.

Also included in a cost function model are the six output (and network) characteristics: 
LF is the ‘load factor’ defi ned as the ratio of utility’s average load on its peak load; AS 
the size of the service area served by the distribution utility; CU is the number of custom-
ers; HGRID is a binary indicator to distinguish the utilities that operate a high-voltage 
transmission network in addition to their distribution network; DOT is a dummy vari-
able representing the utilities whose share of auxiliary revenues is more than 25 percent 
of total revenues; and DW is an indicator for the cases in which more than 40 percent of 
the service area is covered by forests to capture the relatively high maintenance costs and 
risk of damage to power lines in forests.
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A Cobb–Douglas functional form has been adopted. The authors excluded the trans-
log form to avoid the potential risk of multicollinearity among second-order terms due 
to strong correlation between output and the larger number of characteristics variables. 
An unbalanced panel of 59 Swiss distribution utilities over a nine-year period (1988 to 
1996) included 380 observations with a minimum of four observations per company. 
Three cost-frontier models, namely GLS (Schmidt and Sickles, 1984), MLE (Pitt and 
Lee, 1981), and the true random eff ects (TRE) model (Greene, 2005a) were estimated. A 
descriptive summary of the effi  ciency estimates from diff erent models and their correla-
tion matrix is presented in Table 25.1. While GLS and MLE models give similar results 
(12 to 15 percent excess costs), the TRE model predicts a much higher average effi  ciency 
rate, implying only about 4 percent excess in costs. There is a high correlation between 
GLS and MLE estimates whereas the TRE estimates show a weak correlation with the 
conventional models. These results generally confi rm the existence of discrepancies in 
effi  ciency estimates between diff erent cost-frontier models.

The TRE model assumes a time-variant ineffi  ciency term and a separate stochastic 
term for fi rm-specifi c unobserved heterogeneity the results suggest that the other models 
might overestimate the ineffi  ciency. This conclusion is valid to the extent that ineffi  cien-
cies do not remain constant over time and unobserved network eff ects remain constant.21 
Unfortunately these relatively new models can only give a partial solution to the sensitiv-
ity problems.

In general, the empirical evidence reported in these outlined studies suggests that 
franchised monopolies, rather than side-by-side competition, is the most effi  cient form 
of production organization in the electricity distribution industry. Further, consolida-
tion of small utilities whose service areas are adjacent is likely to reduce costs. However, 
similar large and medium-sized gas distribution companies, a consolidation would not 
imply large savings. The concept of small, medium and large companies is relative to the 
size of the companies included in each sample.

7  Empirical studies on the scale and scope effi  ciency in the distribution of Electricity and 
gas

There are only a few studies on the economies of scope in multi-utilities: Mayo (1984) 
and Sing (1987) in electricity and gas distribution, and Fraquelli et al. (2004) and Farsi 
et al. (2007a) in the electricity, gas and water sectors. Mayo (1984) estimates a quadratic 

Table 25.1  Effi  ciency scores of Swiss distribution utilities

GLS MLE TRE

Average 0.868 0.887 0.957
Minimum 0.723 0.735 0.861
Maximum 1 0.993 0.996
Correlation coeffi  cients
 with GLS 1 0.970 0.042
 with MLE 0.970 1 0.055

Source: Farsi et al. (2006a).
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cost function for two cross-sectional data sets from the US electricity and gas distribu-
tion sectors and reports scope economies only for small companies. Sing (1987), also 
using a cross-sectional dataset including electricity and gas distributors, estimates a 
generalized translog cost function with a Box–Cox transformation for outputs. In addi-
tion to the factor prices of labor, capital and fuel, the customer density is included as an 
output characteristic. While reporting diseconomies of scope for the sample mean, Sing 
fi nds scope synergies for certain output combinations, without any clear pattern regard-
ing the outputs magnitude.

Fraquelli et al. (2004) use data from 90 Italian electricity, gas and water distributors 
over three years. However, the data are pooled across the years and no panel data models 
are applied. They compare diff erent functional forms such as the translog cost function 
with a small value transformation, the generalized translog, the separable quadratic and 
the composite cost function introduced by Pulley and Braunstein (1992). They conclude 
that economies of scope exist but their statistical signifi cance can only be asserted over 
small outputs.

Farsi et al. (2007a) analyzed the cost structure of a panel dataset from 87 electricity, 
gas and water utilities in Switzerland. Assuming fi rms minimized cost and used a quad-
ratic cost function specifi ed as:

 C 5 C(q(1), q(2), q(3), w(1), w(2), w(3), w(4), r, t(1), t(2), t(3)) ,

where C represents total costs; q(1), q(2) and q(3) are, respectively, the distributed elec-
tricity, gas and water during the year, w(1), w(2), w(3) and w(4) are, respectively, the input 
factor prices for labor and capital services and the purchased electricity and gas; r is the 
customer density measured by the number of customers divided by the size of the service 
area measured in square kilometers; and the sector-specifi c linear trends are represented 
by t(1), t(2) and t(3), respectively, for the electricity, gas and network sectors.

The econometric analysis based on a random eff ect GLS model and a random coef-
fi cient specifi cation uses an unbalanced panel dataset containing fi nancial and technical 
information from 87 companies observed during the nine-year period between 1997 and 
2005. The results suggest the presence of scope and scale economies at most output levels 
with a well-behaved variation of the synergies, output indicated a fall (rise) in both scale 
and scope economies as outputs increase (decrease).

8  Case study: benchmarking and regulation in the electricity distribution sector

The use of benchmarking in the regulation of electricity distribution operators is a 
prominent example of a direct policy application of effi  ciency measurement methods. 
In many countries regulatory reforms are relatively advanced in the electricity industry. 
A characterizing feature of these reforms is that the introduction of competition in the 
generation and retail sectors is often combined with the implementation of an incentive 
regulation scheme, and increasingly benchmarking practices, in the distribution sector. 
The use of parametric methods in the estimation of effi  ciency is however limited to a 
few cases.22 An interesting example is the application of COLS by the UK electricity 
regulator (Ofgem) in setting the prices based on individual X-factors estimated from a 
sample of 14 observations (Pollitt, 2005). The validity of the adopted approach can be 
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questioned mainly because of the limited size of the sample and the deterministic nature 
of the frontier that does not distinguish between ineffi  ciency and statistical noise. The 
robustness of the effi  ciency estimates could be improved using panel data and a stochas-
tic frontier approach.

In this section we study a similar example of benchmarking of power distribution 
utilities to illustrate the potential diff erences across models and the resulting sensitivity 
problems in estimating effi  ciency, encountered by the regulators. These problems are 
particularly important in cases such as Ofgem, in which the benchmarking analysis is 
based on cross-sectional data (CEPA, 2003). Here, the example has been chosen from the 
Swiss power distribution sector. The sample consists of 52 utilities operating in 1994. The 
cost effi  ciency of these companies has been analyzed using two parametric approaches 
(COLS and SFA) and one non-parametric method (DEA). This choice provides the 
opportunity for comparing the results among diff erent approaches to draw conclusions 
for the regulators.

A three-input single-output production function has been considered. The output is 
measured as the total delivered electricity in kWh, and the three input factors are capital, 
labor and the input power purchased from the generator. Capital price is measured as the 
ratio of capital expenses (depreciation plus interest) to the total installed capacity of the 
utility’s transformers in kVA (kilo volt-ampere). The capital costs are approximated by 
the residual costs that is, total costs minus labor and purchased power costs. Labor price 
is defi ned as the average annual salary of the fi rm’s employees.

The costs of distribution utilities consist of two main parts: the costs of the purchased 
power and the network costs including labor and capital costs. There are therefore 
two alternatives for measuring cost effi  ciency: total costs approach and network costs 
approach. The network costs approach has a practical advantage in that the estimated 
average costs can be directly used in a price-cap formula.23 However, this approach 
neglects the potential ineffi  ciencies in the choice of the generator and also in the pos-
sibility of substitution between capital and input energy. In this example we use the fi rst 
approach based on the total costs.

In addition to input prices and output, three output characteristics are included. The 
resulting specifi cation of the cost function can be written as:

 C 5 C(Y, PK, PL, PP, LF, CU, AS) , (25.20)

where C represents total cost; Y is the output in kWh; PK , PL and PP are, respectively, 
the prices of capital, labor and input power; LF is the ‘load factor’ defi ned as the ratio of 
utility’s average load on its peak load; CU is the number of customers; and AS the size of 
the service area served by the distribution utility.

For the parametric models we have chosen a Cobb–Douglas functional form. The 
condition of linear homogeneity in input prices is imposed by dividing the input prices 
by the price of purchased electricity. The cost function can therefore be formulated 
as:

 lna C
PP
b

i
5    b0 1 bYlnYit 1 bK lnaPK

PP
b

i
1 bL lnaPL

PP
b

i

 1 g1lnLFi 1 g2lnASi 1 g3lnCUi 1 ri, (25.21)
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with i 5 1, 2, . . ., N, where ri represents the residuals, namely, a mean-zero iid error term 
for COLS and a composite normal-half-normal iid term for the SFA model.

The specifi cation given in (25.20) can be readily used in the DEA method. In this 
method there is no need to specify any functional form. In a sample of N companies 
with a k-input–m-output production function with variable returns to scale (VRS), the 
measurement of cost effi  ciency using DEA method reduces to the following minimiza-
tion problem:

 minl,xi
w rixi

 s.t.: 2 yi 1 Y l $ 0, xi 2 X l $ 0, N rl 5 1, l $ 0, (25.22)

where wi and xi are k × 1 vectors, respectively, representing input prices and quantities 
for fi rm i (i 5 1, 2, . . ., N); yi is an m × 1 vector representing the given output bundle; X 
and Y are, respectively, input and output matrices namely, a k × N and an m × N matrix 
consisting of the observed input and output bundles for all the companies in the sample; 
N is an N × 1 vector of ones; and l is an N × 1 vector of non-negative constants to be 
estimated. The VRS property is satisfi ed through the convexity constraint (Nl 5 1)  that 
ensures companies are benchmarked against companies with similar size.

The minimization problem given in (25.22) can be solved by linear programming 
(LP) methods. The LP algorithm fi nds a piece-wise linear isoquant in the input space, 
which corresponds to the minimum costs of producing the given output at any given 
point. The solution gives the minimum feasible costs for each company namely, w rix*i, 
where x*i  is the optimal input bundle for fi rm i. The cost effi  ciency of each production 
plan is then estimated as its distance to the envelope. Namely, fi rm i’s cost effi  ciency is 
therefore obtained by: Effi 5 (w rix*i) / (w rixo

i )  where xo
i  is the observed input bundle used 

by company i.
The quantities of labor, capital stock and the amount of input energy are considered 

as input. Labor and capital inputs are, respectively, measured as the number of full-
time equivalent employees and the installed capacity of the transformers.24 The output 
(Y) and the three output characteristics are consiered as output. With the exception of 
the load factor (LF) all these characteristics take resources, thus can be considered as 
an output. As for the load factor, since a higher LF implies a smoother demand, thus 
lower costs, the corresponding output characteristics in the DEA model is defi ned as the 
inverse of LF. Therefore, the DEA model can be considered as a production with three 
inputs and four outputs. We assume VRS for the DEA model.25

The three models have been applied to the cross-sectional data (from 52 companies in 
1994). Summary statistics of the estimated effi  ciency scores are given in Error! Reference 
source not found.. The effi  ciency scores are normalized to a scale between 0 and 1, 
where the highest value (1) implies a perfectly effi  cient company and the diff erence with 
1 approximates the percentage of the total costs that the company can potentially save. 
The results in Error! Reference source not found. suggest, the companies are on average 
about 86 to 92 percent effi  cient. The COLS effi  ciency scores are lower than the other 
models by an average of 6 percent. COLS and DEA methods are similar in that neither 
accounts for stochastic variation in the frontier. However, the DEA model has a non-
parametric frontier, which allows certain fl exibility for a better adjustment with diff erent 
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companies. The average effi  ciency estimate is quite similar between the SFA and DEA 
models, suggesting that a rigid model like COLS can underestimate the effi  ciency. These 
results also suggest that in our example, allowing for stochastic variation or removing 
parametric restrictions have at least on average, a similar eff ect on effi  ciency estimates.

The correlation coeffi  cients between the effi  ciency scores obtained from diff erent 
models are also listed in Error! Reference source not found. Although the COLS and 
SFA estimates show quite a high correlation, their correlation with the DEA estimates 
is relatively low. These results suggest that the effi  ciency ranking of the companies could 
change considerably, depending on the adopted model.

In order to see the diff erences in ranking individual companies, the rank status of the 
10 most-effi  cient and least-effi  cient companies according to the SFA method is consid-
ered. Error! Reference source not found. lists the effi  ciency ranks of these 20 companies 
based on the two other models. The results indicate a similar ranking across the two par-
ametric methods (SFA and COLS), which is considerably diff erent from that of DEA. 
However, the diff erences are less important for the fi rst 10 companies. In fact, the DEA 
model predicts a higher than 98 percent effi  ciency for all these companies. According to 
this model, 19 companies are perfectly effi  cient and 24 companies have an effi  ciency of 
higher than 95 percent. But for the 10 companies at the bottom of the list, the diff erences 
are quite considerable. For instance, two of these companies are evaluated as perfectly 
effi  cient by the DEA model. Ten of the 19 companies evaluated as 100 percent effi  cient by 
DEA are less than 95 percent effi  cient, and three are less than 90 percent effi  cient.

Overall, our comparison shows that the DEA model predicts perfect effi  ciency more 
often than SFA. This might be due to the fact this model has no parametric restriction, 
thus provides more fl exibility to account for unobserved diff erences among companies. 
However, such perfect effi  ciency scores might be due to the sensitivity of the DEA model 
to outlier values and/or to the ‘curse of dimensionality’, a general problem in non-
parametric methods with a large number of variables26 Unfortunately, there is no simple 
method to identify the extent of such problems, especially for individual companies.

This example illustrates a main problem in benchmarking analysis that is, the discrep-
ancy of the results across diff erent methods. In some cases, the sensitivity of individual 
effi  ciency estimates is so high that a slight change in the model’s assumptions or includ-
ing an additional variable might change the results considerably. Given the extremely 
large variety of models and specifi cations, this problem does not appear to have a clear 
solution. However, as our example suggests, the sensitivity problems are less severe if the 
effi  ciency is estimated at the sector level rather than for individual companies.

Table 25.2  Effi  ciency scores of Swiss distribution utilities (52 utilities in 1994)

DEA SFA COLS

Average 0.917 0.920 0.858
Minimum 0.734 0.819 0.727
Maximum 1 0.977 1
Correlation coeffi  cients
 with DEA 1 0.563 0.603
 with SFA 0.563 1 0.961
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9  Concluding remarks

We presented an overview of the diff erent methods of effi  ciency measurement in the 
electricity and gas distribution sectors. Asserting that the productive effi  ciency should be 
considered in the design and organization of the sector as well as in the incentive regula-
tion of individual companies, we presented the effi  ciency concept with regard to three 
aspects: scale, scope and cost effi  ciency. The scale and scope effi  ciency are mainly related 
to the market structure, particularly the company’s output level and mix, whereas cost 
effi  ciency is mainly due to the specifi c company’s economic performance facing the exter-
nal market conditions. An eff ective regulatory reform should consider all the dimensions 
of productive ineffi  ciency and its patterns across companies. An adequate understanding 
of these patterns requires a clear distinction between the three aspects of effi  ciency.

Among these three concepts, the estimation of ineffi  ciencies related to the scale and 
scope of the distribution utilities is relatively straightforward. In fact technological 
characteristics such as the economies of scale and scope can be estimated using the coef-
fi cients of a cost function. These estimates help determine the optimal size and scope of 
the production and the extent of natural monopoly in gas and electricity distribution. 

Table 25.3  Effi  ciency ranks for the ‘best’ and ‘worst’ practices (1994)

Companies ordered according to SFA DEA* COLS

 1 22  1
 2 1–19  2
 3 1–19  4
 4 1–19  3
 5 1–19  5
 6 1–19  6
 7 20  7
 8 1–19  8
 9 1–19  9
10 1–19 10
   . . .
   . . .
   . . .
43 1–19 43
44 47 44
45 41 46
46 39 45
47 45 47
48 46 49
49 1–19 48
50 34 50
51 52 51
52 38 52

Note: * According to DEA method, 19 companies are 100% effi  cient.
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Regulatory reforms should aim at an optimal organization of the distribution networks 
that allows companies the greatest possibility of using various synergies to reduce their 
costs. In many cases the empirical evidence reported in the literature suggests that an 
optimal organization might require relatively large distribution utilities that operate in 
both the gas and the electricity sectors.

Moreover, the empirical fi ndings generally confi rm the natural monopoly character-
istic of energy distribution networks favoring local monopoly on side-by-side competi-
tion models. In such situations, an eff ective incentive regulation system is especially 
important because of the absence of direct competition among companies. Hence, the 
measurement of companies’ economic performance in terms of cost effi  ciency or similar 
indicators has an essential role in ensuring the productive effi  ciency as well as restricting 
the monopolists’ market power.

This chapter illustrates the measurement of cost effi  ciency to be the contentious issue 
that it is, especially if the performance of the individual companies is of interest. We argue 
that an eff ective regulation system requires appropriate models for the measurement of 
cost effi  ciency. Such models need to account for unobserved heterogeneity across compa-
nies, which can be provided by certain panel data models. Moreover, since diff erent models 
posit various assumptions on the variation of effi  ciency across companies and over time, 
it is important that these assumptions are clearly specifi ed and the effi  ciency estimates are 
interpreted accordingly. In many cases, it is important to view the effi  ciency from several 
angles, which requires the application of several models with diff erent assumptions.

Notes

 1. In addition to infl ation, the changes beyond companies’ control may include changes in input factor prices 
and exogenous changes in demand and network characteristics, generally referred to as ‘Z-factors’.

 2. Shuttleworth (2005) provides a critical overview of the use of benchmarking in the regulation of electricity 
networks.

 3. See Jamasb and Pollitt (2003), Estache et al. (2004) and Farsi and Filippini (2004) for examples.
 4. In the literature on the cost structure of electricity distributors, some authors have estimated a variable 

cost function. In this case it is possible to calculate a measure of utilization economies. For instance, 
Caves and Christensen (1988) defi ne economies of utilization as unity divided by a proportional increase 
in variable cost resulting from a proportional increase in output holding the capital stock constant. For 
an empirical analysis on the electricity distribution sector, see Filippini (1996).

 5. ‘Production frontier’ represents the maximum output produced by a given set of inputs, whereas ‘cost 
frontier’ defi nes the minimum costs of producing an output level with given input prices.

 6. The only way to disentangle allocative and technical ineffi  ciencies in a cost-frontier framework is through 
input factor demand equations. Because of the complexity of the resulting error structure, a satisfactory 
econometric solution remains to be developed (Greene, 1997; Kumbhakar and Lovell, 2000).

 7. See for instance, Murillo-Zamorano (2004) for a general presentation of diff erent methodologies and 
Coelli et al. (2003) for more details on DEA.

 8. Other extensions of the basic frontier model have also considered exponential and truncated normal 
distributions for the ineffi  ciency term. See, for instance, Battese and Coelli (1992).

 9. Other authors such as Horrace and Schmidt (1996), Jensen (2000) and Street (2003) reported substantial 
errors and inconsistency problems in the estimation of individual effi  ciency scores in cross-sectional data.

10. Horrace and Schmidt (1996), Jensen (2000) and Street (2003) reported substantial errors and inconsist-
ency problems in the estimation of individual effi  ciency scores in cross-sectional data. The fi rst paper 
shows that such problems persist in a panel dataset with six periods.

11. While the econometric approach uses additive stochastic terms, the linear programming method allows 
heterogeneity in production by relaxing the restrictions imposed by a specifi c functional form.

12. Some of these alternative models have been used in a few recent studies (Alvarez et al., 2004; Greene, 
2005a; Farsi and Filippini, 2004; Farsi et al., 2006a).

13. Panel datasets are characterized by repeated observations for a sample of units over several periods.

EVANS PRINT (ALL).indb   620EVANS PRINT (ALL).indb   620 25/6/09   13:12:3025/6/09   13:12:30



Effi  ciency measurement in the electricity and gas distribution sectors   621

14. Alvarez et al. (2004) show that even in cases where ineffi  ciency is due to time-invariant factors such as 
constant managers’ capability, the resulting ineffi  ciencies can vary over time because it depends on a host 
of time-variant factors that have an interacting eff ect with the manager’s skills.

15. The term ‘heterogeneity bias’ has been used by Chamberlain (1982) to refer to the bias induced by the 
correlation between individual eff ects and explanatory variables in a general RE model.

16. See Greene (2005b) for more details. This author considers a panel of 5 years as a short panel.
17. Griffi  n et al. (1987) and Chambers (1988) provide insightful overviews of various functional forms in 

applied production analysis.
18. Within a group of fl exible functional forms we can diff erentiate those functional forms derived from 

second-order Taylor series approximations, such as the translog, the generalized Leontief and the quad-
ratic or the functional forms derived from Fourier or Laurent series approximations. The former are 
characterized by local fl exibility, which implies a perfect approximation for an arbitrary function and its 
fi rst two derivatives at a particular point. The latter are distinguished by their global fl exibility. In applied 
work, however, the global approximation in Fourier or Laurent form is not commonly used, mainly 
because they usually need a considerably higher number of parameters than are required for a functional 
form derived from second-order Taylor approximations.

19. The number of coeffi  cients in a translog model would have been 36, which results in a relatively small 
number of degrees of freedom in a sample of 26 companies with 129 observations.

20. For a review of a larger number of studies, see Ramos-Real (2005).
21. If instead it is assumed that ineffi  ciencies are persistent and do not change considerably over time, then 

the results obtained from conventional panel models provide better estimates of the ineffi  ciencies.
22. See Jamasb and Pollitt (2001) and Farsi et al. (2007b) for surveys of diff erent regulation practices in elec-

tricity markets around the world.
23. Price cap is generally applied to the network access.
24. The measurement unit of input factors is not relevant, as long as the prices are defi ned such that the result-

ing costs have the same unit.
25. The alternative assumption would be constant returns to scale. This assumption is too restrictive because 

it implies that all companies operate at the optimal scale. See Coelli et al. (2005) for more details.
26. See Simar and Wilson (2000) for a discussion of ‘curse of dimensionality’ and Simar (2003) for the outliers 

issue.
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